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Abstract— General-purpose foundation models have led to
recent breakthroughs in artificial intelligence (AI). In remote
sensing, self-supervised learning (SSL) and masked image mod-
eling (MIM) have been adopted to build foundation models.
However, these models primarily learn low-level features and
require annotated data for fine-tuning. Moreover, they are
inapplicable for retrieval and zero-shot applications due to the
lack of language understanding. To address these limitations,
we propose RemoteCLIP, the first vision-language foundation
model for remote sensing that aims to learn robust visual
features with rich semantics and aligned text embeddings for
seamless downstream application. To address the scarcity of
pretraining data, we leverage data scaling which converts het-
erogeneous annotations into a unified image-caption data format
based on box-to-caption (B2C) and mask-to-box (M2B) conver-
sion. By further incorporating unmanned aerial vehicle (UAV)
imagery, we produce a 12× larger pretraining dataset than
the combination of all available datasets. RemoteCLIP can be
applied to a variety of downstream tasks, including zero-shot
image classification, linear probing, k-NN classification, few-shot
classification, image–text retrieval, and object counting in remote
sensing images. Evaluation of 16 datasets, including a newly
introduced RemoteCount benchmark to test the object counting
ability, shows that RemoteCLIP consistently outperforms baseline
foundation models across different model scales. Impressively,
RemoteCLIP beats the state-of-the-art (SOTA) method by 9.14%
mean recall on the RSITMD dataset and 8.92% on the RSICD
dataset. For zero-shot classification, our RemoteCLIP outper-
forms the contrastive language image pretraining (CLIP) baseline
by up to 6.39% average accuracy on 12 downstream datasets.
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I. INTRODUCTION

FOUNDATION models [1] are becoming increasingly
important in the field of artificial intelligence (AI). Com-

pared to small, specialized models tailored for specific tasks or
domains, “one-for-all”-style general-purpose foundation mod-
els typically exhibit superior capabilities and generalization
abilities in a wide range of downstream tasks. Numerous
foundation models have emerged in recent years, such as
SimCLR [2], mean absolute error (MAE) [3], and segment
anything model (SAM) [4] for computer vision, Bidirectional
Encoder Representations from Transformers (BERT) [5] and
generative pre-trained transformer (GPT) series [6], [7] for
natural language processing, also contrastive language image
pretraining (CLIP) [8] and Flamingo [9] for vision-language.

Meanwhile, our remote sensing community is also progress-
ing toward developing foundation models for satellite imagery
analysis. To date, the prevailing approaches are primarily
inspired by the success of self-supervised learning (SSL)
in computer vision, particularly the masked image modeling
(MIM) [3], [10], [11] method. Several recent studies, including
SatMAE [12], Scale-MAE [13], ViTAE [14], Billion-scale
MAE [15], RingMo [16], and geospatial foundation models
(GFM) [17], have employed MIM on large vision transform-
ers (ViT) and large-scale satellite imagery datasets, yielding
encouraging results.

Nevertheless, there are two key limitations to MIM-based
remote sensing foundation models. First, Kong and
Zhang [18] and Li et al. [19] revealed that the MIM methods
primarily learn occlusion invariant features: they implicitly
align two views of the original image—one with random
mask and one with the complementary mask. Occlusion
invariance is important for natural image recognition as there
would be inevitable yet frequent object occlusions for views
on the ground. However, the aerial view of remote sensing
imagery enables unobstructed perception, making occlusion
invariance much less necessary. Second, both theoretical and
empirical studies show that MIM learns low-level features
and lacks semantics [20], [21]. Such features have advantages
for relatively low-level dense prediction tasks such as
detection and segmentation, but are not optimal for high-level
semantic recognition tasks, especially in the linear probing
and few-shot learning setting as discussed in [22] and [23].
Meanwhile, Park et al. [24] showed that MIM methods prefer
to learn high-frequency texture features instead of capturing
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longer-range global patterns, which is in stark contrast to
human behavioral evidence and limits model performance
and robustness [25].

Furthermore, all of the existing foundation models require
annotated data and an additional fine-tuning stage to be
adapted to downstream tasks. They are unable to perform
zero-shot inference like the CLIP model [8] due to the lack
of joint modeling and alignment of vision and language.
As advocated by Mai et al. in their recent vision papers [26],
[27], multimodality should play a crucial role in building foun-
dation models for geospatial AI (GeoAI). A vision-language
foundation model for remote sensing could pave the way for
numerous CLIP-based vision-language applications in remote
sensing scenarios, such as open-vocabulary object detection,
zero-shot image segmentation, text-to-image generation and
editing, and multimodal large language models (LLMs).

In this article, we developed a vision-language founda-
tion model for remote sensing. Our goal is to learn robust
visual features with rich semantics of satellite imaginary
visual concepts while simultaneously learning text embeddings
that align well with the visual features, which enables the
learned aligned vision-language representations to be seam-
lessly applied to different downstream tasks and domains.
To achieve this objective, the primary challenge that we
faced was the scarcity of pretraining data. Although some
recent works introduced high-quality human-annotated satel-
lite imaginary captioning datasets [28], [29], [30], their scale
still remains much insufficient—all existing datasets contain
fewer than 10k samples, we found that training a large vision
language foundation model on such dataset results in a severe
over-fitting phenomenon.

To tackle this issue, we perform data scaling based on an
ensemble of a wide range of remote sensing datasets, expand-
ing the pretraining data to 12× larger than the combination
of all available open datasets [28], [29], [30]. We con-
vert heterogeneous annotations, including object detection
bounding boxes and semantic segmentation maps, into a
unified image-caption data format based on proposed mask-
to-box (M2C) and box-to-caption (B2C) generation strategies.
We also incorporate unmanned aerial vehicle (UAV) imagery
to further enhance the diversity of the pretraining data.
We train the model to optimize the InfoNCE loss, a lower
bound of mutual information between paired image and text
samples, to align the vision language representations. After
pretraining, we apply the resulting foundation model, which
is named RemoteCLIP, to a diverse set of downstream applica-
tions, including zero-shot image classification, linear probing,
k-NN classification, few-shot classification, and image–text
retrieval in remote sensing datasets. We also developed a
novel benchmark, “RemoteCount,” based on automatically
created counterfactual examples to test the object counting
ability. Our comprehensive evaluation of a total of 16 datasets
demonstrates that our RemoteCLIP yields superior perfor-
mance compared to various baseline foundation models, which
are consistent across different model scales from ResNet-50
with 38 million parameters to ViT-Large-14 with 304 million
parameters.

The contributions of this article are summarized as
follows.

1) A Large-Scale Dataset for the Remote Sensing Domain:
This article introduces a comprehensive dataset that
combines a wide range of remote sensing datasets.
This dataset is 12 times larger than the combination of
RSITMD, RSICD, and UCM datasets [28], [29], [30],
addressing the scarcity of pretraining data in remote
sensing.

2) A Novel Vision-Language Foundation Model for Remote
Sensing: We propose a novel vision-language founda-
tion model called RemoteCLIP. With the large-scale
pretraining dataset, this model is trained to align
vision-language representations and learn robust visual
features with rich semantics of satellite imagery visual
concepts. We make our pretrained models available at
https://github.com/ChenDelong1999/RemoteCLIP.

3) Diverse Downstream Applications for Remote Sensing:
The effectiveness of RemoteCLIP is evaluated on vari-
ous downstream tasks, including cross-modal retrieval,
zero-/few-/full-shot satellite imagery classification, and
object counting. We also introduce a new benchmark,
called RemoteCount, for object counting in remote
sensing imagery.

The remainder of this article is structured as follows.
In Section II, we review related literature on vision lan-
guage models and existing foundation models in remote
sensing. Section III introduces our methodology of build-
ing RemoteCLIP—we first prove in Section III-A that the
vision-language representation of large CLIP models is very
powerful for remote sensing tasks, but the data for con-
tinual pretraining is a major bottleneck to improve CLIP’s
performance further. Then, in Section III-B, we describe the
details of how we perform data scaling to address this issue.
A comprehensive analysis of our new dataset is given in
Section III-C. Section IV presents our empirical evaluation
of RemoteCLIP. Finally, Section V presents our discussion of
the advantages and limitations of RemoteCLIP and concludes
this article.

II. RELATED WORK

A. Self-Supervised Foundation Models for Remote Sensing

Foundation models, capable of handling multiple down-
stream tasks following large-scale pretraining, have recently
emerged as a focal point in AI research. Concurrently,
the remote sensing community is endeavoring to construct
foundational models for GeoAI. The current efforts predomi-
nantly rely on SSL, which devises pretext tasks to cultivate
robust visual representations. This approach has made sig-
nificant strides in recent years. Mainstream methods can be
broadly classified into two categories: contrastive methods
(also referred to as Siamese structures, joint embedding pre-
dictive architectures (JEPAs), or augmentation-based methods)
and generative methods. The research landscape of SSL-based
foundation models for remote sensing closely mirrors this
categorization [31].

1) Contrastive Learning: Beyond the standard data aug-
mentation techniques employed in natural imagery, several
researchers have proposed unique approaches for adapt-
ing standard SSL methods to remote sensing imagery.
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Kang et al. [32], Jung et al. [33], and Jean et al. [34] utilized
spatial neighbors as augmented data. Zhao et al. [35] incor-
porated random rotations (90◦, 180◦, and 270◦) as augmented
data. Li et al. [36] distilled geographical vegetation for the
same purpose. Stojnic and Risojevic [37] applied contrastive
multiview coding (CMC) to learn schematic representations,
which were subsequently adapted for downstream classifi-
cation tasks. Xiao et al. [38] demonstrated that contrastive
learning can enhance the super-resolution task in remote
sensing.

2) Generative Learning: MIM-based models are widely
recognized as the leading methods for generative model-
ing. Several remote sensing models, grounded in the MIM
methodology, primarily aim to incorporate new properties into
the standard MIM framework. These include scale-invariance
(scale-MAE [13]), temporal information (SatMAE [12]), and
temporal invariance (SeCo [39]), among others. A recent
trend in research has been to scale up the MIM model, with
examples such as RingMo [16], billion-scale MAE [15], and
VITAE [14]. These have garnered considerable attention.

B. Vision Language Models for Remote Sensing

The integration of image and text content has been a
longstanding challenge and a focal point of research in the
field of AI [40], [41], [42], [43]. This challenge is particularly
significant in the realm of remote sensing, where the interpre-
tation of complex satellite imagery and associated semantic
meaning is crucial.

1) Image–Text Retrieval Models for Remote Sensing: The
initial efforts in remote sensing retrieval were spearheaded
by Abdullah et al. [44] and Rahhal et al. [45], who employed
convolutional neural network (CNN) to encode images and
long short-term memory (LSTM) to encode text captions.
To endow the model with the ability to comprehend satellite
images on a global and local scale, Yuan et al. [46] introduced
a novel framework that utilizes a dynamic fusion module.
Rahhal et al. [47] proposed a multilanguage framework, com-
prising a language encoder, to adapt to the remote sensing
semantics of various languages. Subsequently, a growing body
of research, including CMFM-Net [48], HyperMatch [49],
KCR [50], HVSA [51], and others, has harnessed the process
of image–text retrieval for knowledge acquisition. However,
the efficacy of these vision language models in downstream
applications beyond retrieval remains unverified.

2) CLIP-Based Models: In the seminal work of CLIP [8],
[52], a two-tower model was trained to contrastively align
the representations of a vast number of image–text pairs
sourced from the Internet. Recent advancements in CLIP
models have primarily concentrated on scaling the model
size and data size [53], incorporating self-supervision [54],
[55], [56], enhancing pretraining efficiency [57], [58], and
few-shot adaptation [59], [60], among others. As CLIP
models are trained on natural imagery, a line of research
aims to develop domain-specific CLIP models. For instance,
in the medical domain, ConVIRT [61], PubMedCLIP [62],
MedCLIP [63], and BioMedCLIP [64] have shown promising
results. In another example, specialized CLIP models, based
on large-scale E-commerce image–text datasets, significantly

outperform the naive CLIP baseline [65], [66], [67]. How-
ever, despite the concurrent work by Zhang et al. [68], which
involves gathering aerial view images from large image–text
datasets to train CLIP models, the exploration of CLIP models
in the remote sensing area remains relatively limited.

III. REMOTECLIP

A. Contrastive Language Image Pretraining

Vision language models trained with the CLIP [8] strategy
have demonstrated impressive generalization ability in various
vision-language learning tasks. These models, usually referred
to as CLIP models, learn to group and align the representations
of semantically similar samples together under cross-modal
supervision mined from billion-scale image–text pairs. The
CLIP model optimizes a simple InfoNCE loss function, which
encourages the alignment of the paired image–text samples
and pushes apart mismatched samples.

Formally, CLIP is trained with a large-scale image–text
dataset D = {(x I

i , xT
i )}M

i=1 that consists of a total of M training
samples. The goal is to learn an image encoder f I and a text
encoder f T that, respectively, encode image sample x I

i and
text sample xT

i to their latent representations, i.e., f I (x I
i ) =

z I
i ∈ Rdz×1 and f T (xT

i ) = zT
i ∈ Rdz×1. During pretraining,

CLIP creates an instance discrimination task within each batch
and optimizes the following bi-directional InfoNCE objective,
where N is the batch size and τ is a learnable temperature
parameter

LInfoNCE = −

 1
N

N∑
i=1

log
exp(z I

i · zT
i /τCLIP)∑N

j=1 exp(z I
i · zT

j /τCLIP)︸ ︷︷ ︸
image to text

+
1
N

N∑
i=1

log
exp(zT

i · z I
i /τCLIP)∑N

j=1 exp(zT
i · z I

j/τCLIP)︸ ︷︷ ︸
text to image


/

2.

(1)

According to Chen et al. [58], optimizing LInfoNCE brings
the following two important properties to the CLIP model.

1) Representation alignment: it produces high similarity
z I

i · zT
i of paired image and text samples x I

i , xT
i , and

low similarity z I
i · zT

j (i ̸= j) between the unpaired sam-
ples x I

i , xT
j . Generally, perfect representation alignment

yields strong downstream performance on cross-modal
retrieval tasks.

2) Representation grouping: it means that (uni-modal) rep-
resentations of semantically similar samples are grouped
together, while those of dissimilar samples should be
pulled apart. Perfect representation grouping yields
strong uni-modal recognition (e.g., linear classification)
performance.

While fulfilling perfect representation alignment and rep-
resentation grouping simultaneously, coupled with a large
dataset containing sufficient open-set concepts, the model can
achieve strong zero-shot classification performance.
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1) Large CLIP Is Also a Strong Model for Remote Sensing
Tasks: CLIP models do not have any special designs to opti-
mize their performance in the remote sensing domain, and they
have shown diverse zero-shot performance on remote sensing
benchmarks. In the original CLIP paper, OpenAI researchers
evaluated CLIP’s scene recognition performance on zero-shot
benchmarks EuroSAT and RESISC45. The performance of the
largest CLIP (ViT-Large-14-336) is only 59.6% and 71.7%,
respectively. The recent study on Satellite ImageNet (SATIN)
dataset [69] also confirmed that the zero-shot performance
of the CLIP family is unsatisfactory. However, the linear
probing accuracy of CLIP reaches 98.1% and 94.9% on
EuroSAT and RESISC45 in OpenAI’s evaluation, outperform-
ing all other 11 compared foundation visual models including
both fully-supervised and self-supervised models. It shows
that large-scale contrastive image text pretraining produces
high-quality visual representations that are suitable for the
remote sensing domain, but at the same time, the cross-modal
alignment property of such representations is unsatisfactory.

To have a more thorough understanding of the potential
of CLIP models for remote sensing vision language tasks,
we perform a comprehensive evaluation of CLIP’s zero-shot
retrieval on three commonly used remote sensing retrieval
datasets: RSITMD, RSICD, and UCM (which we denote as
RET-3). We use the pretrained weights provided by both
OpenAI and OpenCLIP, covering models from ResNet-50
(38M parameters) to ViT-G-14 (1.8B parameters). We also
compare representative single-tower vision language models
including ALBEF and BLIP.

The evaluation results are reported in Fig. 1. We find that
model size is an important factor. Larger models consistently
yield better performance than smaller ones, and the largest
CLIP model ViT-G-14 even surpasses all the previous retrieval
methods that are specially designed for the remote sensing
domain, except for the model from Rahhal et al. [47] which
is based on fine-tuning of the CLIP model. In addition,
large CLIP models outperform single-tower models (ALBEF
and BLIP) by a large margin, demonstrating the power of
simplicity—combining large-scale model and large-scale pre-
training data clearly outperforms complex network structures
or employing multiple loss functions.

2) Continual Pretraining on Small CLIP Further Improves
the Performance: Given the strong results of large CLIP
models on remote sensing tasks, a natural question is whether
we can further improve their performance using in-domain
aerial imaginary data. Continual pretraining is a popular
methodology to achieve this goal, which has already shown
its advantages for adapting CLIP models into the medical
domain [64]. As an initial experiment, we perform continuous
pretraining of the CLIP model (ResNet-50 and ViT-Base-32)
on the union of three existing retrieval datasets RSITMD,
RSICD, and UCM (RET-3)1 We used the standard CLIP
training setup, following common practice [62], [63], [64].

1Similar works have been done previously on remote sensing image–text
retrieval method [47], where the authors fine-tuned CLIP models
(ViT-Base-32) separately on RSITMD, RSICD, and UCM and achieved SOTA
performance. However, our goal is different—we aim to build foundation
vision language models based on the powerful pretrained CLIP models.

Fig. 1. Averaged mean recall on three remote sensing image–text
retrieval benchmarks: RSITMD, RSICD, and UCM (RET-3). Key findings:
1) zero-shot retrieval of large CLIP models (e.g., ViT-G-14) outperforms all
previous models specifically designed for remote sensing retrieval, except for
the method from Rahhal et al. [47] that fine-tuned a CLIP model. 2) Simply
performing continual pretraining (CLIP-CP) significantly boosts the perfor-
mance of CLIP models and establishes a new SOTA model.

The resulting models, which we denote as CLIP-CP, yield
extremely powerful performance. As shown in Fig. 1, it not
only outperforms the zero-shot results of the largest CLIP
model (ViT-G-14) with only 2% (38M versus 1.8B) parameters
but also establishes a new state-of-the-art (SOTA) performance
on these three retrieval benchmarks.

It is also clear that tuning the foundation model on a
collection of datasets is beneficial. Compared to the model
of Rahhal et al. [47] using the same ViT-Base-32 architec-
ture, our approach—continual pretraining on the RET-3
collection—improved the performance by a clear margin
(4.6%). This multidataset tuning shares a similar spirit
with recent studies on vision language learning, such as
InstructBLIP [70], PaLI-X [71], and Clever Flamingo [72].

Such a simple continuous pretraining strategy yields encour-
aging results, but it is still far from perfect: when we try to
scale up the model size (e.g., to ViT-Large-14), a severe over-
fitting phenomenon appears. The reason is quite clear—the
dataset used for continuous retraining is too small for a large
CLIP model. The combination of all existing image–text data
(RET-3) only has 13k samples, while the pretraining data
for CLIP models usually range from several hundred million
to several billion samples. This motivates us to perform data
scaling to match the model capacity and complexity of large
CLIP models. As shown in the last row in Fig. 1, such data
scaling yields impressive results (+17.7% compared to the
previous SOTA results). The details of our data scaling method
are presented in Section III-B.

B. Data Scaling via Annotation Unification

We have already shown that the vanilla CLIP model and its
continual-pretrained version are promising for vision language
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tasks in the remote sensing domain. We have also identified
that data scale is the major bottleneck limiting performance.
These observations motivate us to scale up the dataset for con-
tinuous pretraining beyond the currently available image–text
pairs (RET-3 with only 13k samples). A straightforward
methodology is to annotate more captions based on crowd-
sourcing, but despite this being very expensive therefore
significantly lowering the scalability, the annotation quality
and diversity are also hard to guarantee.

To solve this issue and thereby unleash the full potential
of CLIP models, here we propose to scale up the dataset via
annotation unification. We find that existing datasets annotated
with object bounding boxes and class names, which were
originally constructed for training object detectors, provide
valuable information about the semantics within each satellite
image. However, such object bounding box annotation cannot
be directly understood by the text encoder of CLIP, as it has
only been trained on natural language captions. Therefore,
we propose a B2C generation approach to transfer the bound-
ing box annotations into a set of natural language captions
to mitigate this gap. Furthermore, to utilize the annotation in
segmentation datasets, we propose to use an M2B conversion
method to unify segmentation datasets into bounding box
annotations, and subsequently transfer them into captioning
datasets. An overview of this process is shown in Fig. 2.

1) B2C Generation: The B2C generation enables the gener-
ation of textual descriptions for object detection datasets based
on bounding box annotations and labels. This method employs
a rule-based approach to generate five2 distinct captions that
describe the objects in the image.

Specifically, the first two captions are generated according to
the target location (the center point of the bounding box): the
first caption describes the objects in the center of the image,
while the second one describes the objects that are not located
in the center. This differentiation provides additional context
and information about the spatial distribution of objects within
the image.

The remaining three captions are generated by considering
the number of different object categories in the image. Random
objects from the list of bounding box annotations are selected,
and a caption is generated accordingly. In cases where the
number of appearances of an object exceeds ten, a more
general term (e.g., “many” and “a lot of”) is used instead
of the exact number to enhance the readability and variability
of the captions.

2) M2B Conversion: The conversion of segmentation anno-
tations to bounding box annotations is a crucial step for the
seamless integration of segmentation datasets into the B2C
generation pipeline. To perform such conversion, the segmen-
tation mask is processed by category, encoding each pixel label
corresponding to the target class. Next, the contour points of
the connected regions for each class in the mask image are
identified. These contour points provide the necessary infor-
mation to determine the bounding box coordinates. By sorting

2Most image captioning/retrieval datasets such as MS-COCO, Flicker-30k,
as well as three datasets in the RET-3 collection contain five captions for
each image. We choose to generate five captions to be in line with these
datasets.

the horizontal and vertical coordinates of the contour points,
we can extract the minimum and maximum values, denoted
as (xmin, ymin) and (xmax, ymax), respectively. These coordinate
positions define the bounding box.

The steps mentioned above can be found in Fig. 3.
To enhance clarity, different colors are assigned to represent
bounding boxes corresponding to distinct categories. Specifi-
cally, we utilize Suzuki’s border following algorithm [73] for
contour extraction. This algorithm defines the outer boundary
and the hole boundary, and it scans the binary image from
left to right to find the starting point of the outer boundary
or hole boundary. By traversing the neighborhood of this
starting point, the algorithm determines whether to update the
pixel values based on certain rules and ultimately extracts
the hierarchical relationships among the contours. As this
algorithm only supports binary images as input, we need to
process segmentation masks by category. The category in need
of contour extraction is identified as the foreground, while the
remaining categories are treated as background.

Subsequently, we apply the border following algorithm to
extract the topological structure of connected components
within the binary mask. By sorting the contour points of the
outer boundary for each connected component, the minimum
and maximum values on the horizontal and vertical axes are
considered as the coordinates for the horizontal bounding box
of each connected component. As shown in Fig. 2, all the
semantic segmentation annotations are converted to bounding
box annotations via M2B, then B2C is performed to obtain
the corresponding captions.

3) Sample De-Duplication: RemoteCLIP is trained on a
combination of datasets from different sources, and tested
on a variety of downstream benchmarks, so it is essential to
avoid possible test-set contamination. P-Hash [74] serves as
a method used for image retrieval and similarity calculation
by representing image features by converting the image into
a fixed-length hash value. We employ p-Hash-based block-
wise local detection to identify duplicate images. Specifically,
we generate p-Hash values for all images and partition each
value into N segments. Simultaneously, N dictionaries are
established, where each dictionary’s key corresponds to the
segment index, and the value comprises p-Hash values of
all images in that segment. By traversing all dictionaries,
we compute the Hamming distance between p-hash values of
pair-wise images. If the distance between two images is less
than the threshold of 2, they are considered duplicates. Upon
observing the removed duplicated samples, when the threshold
is set greater than 2, it is prone to excessive de-duplication.
Conversely, de-duplication would be insufficient. Finally, the
number of removed duplicated samples ranges from 40 to 3k
in different datasets.

C. Data Analysis

Based on the proposed B2C generation and M2B conversion
method, we can efficiently translate heterogeneous annotations
in various detection or segmentation datasets into image–text
samples based on the pipeline shown in Fig. 2. For a deeper
understanding of the dataset produced by such a scaling
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Fig. 2. Overview of the RemoteCLIP pipeline. Step 1: RemoteCLIP is trained on a diverse collection of remote sensing datasets, covering ten object
detection datasets (DET-10, six of them are satellite imaginary datasets and four of them are UAV datasets), four remote sensing semantic segmentation
datasets (SEG-4), and three remote sensing image–text datasets. We propose B2C generation and M2B conversion to fully utilize heterogeneous annotations,
and scale up the training data to 12× of the combination of all involved image–text data. Step 2: We perform continual pretraining based on the CLIP model,
specializing it in the remote sensing domain. Step 3: We perform a comprehensive evaluation on seven tasks using 16 downstream datasets, including a newly
created RemoteCount dataset, to demonstrate the strong capability and generalization ability of RemoteCLIP.

Fig. 3. M2B implementation details. First, we get contours of per class from
the input mask. Then, we select the bottom left and top right points of each
contour as its bbx coordinates. Finally, we can get the bounding boxes of
each category in the input mask.

pipeline, in this section, we present a detailed and compre-
hensive analysis of this dataset. First, in Table I, we provide
the details of each source dataset used to expand the data,
which can be divided into the following three groups:

1) Retrieval Data (RET-3): Three major image–text
datasets for remote sensing, i.e., RSICD [29],
RSITMD [28], and UCM [30], are directly adopted.
Captions of these datasets are annotated by humans,
which results in high caption quality but a small dataset
size.

2) Detection Data (DET-10): The detection dataset is the
major source for dataset expansion. We combined six
remote sensing datasets with object detection annota-
tion, including DOTA [75], DIOR [76], HRRSD [77],

RSOD [78], LEVIR [79], and HRSC [80]. As shown in
Table I, these datasets have a significantly higher reso-
lution than RET-3 datasets (at least 800 × 600 versus
224 × 224). This group of datasets also exhibits high
diversity as it consists of both satellite imagery and UAV
imagery. The average number of objects in each image
ranges from 1 (HRSC) to 70 (DOTA).

3) Segmentation Data (SEG-4): Four popular remote sens-
ing semantic segmentation datasets, including Vaihin-
gen [81], Postdam [82], iSAID [83], and LoveDA [84],
are adopted and translated via M2B then B2C. These
datasets also have high image resolution and domain
diversity. Average number of objects ranges from 2
(Vaihingen) to 33 (ISAID).

In Fig. 4, we present a visualization of the caption length
distribution for both the RET-3 data and our final data. It is
evident from the figure that the B2C and M2B approaches
yield a caption distribution that closely mirrors that of the
RET-3 data. Furthermore, Fig. 5 provides visualizations
of word clouds and the top 20 keywords, with common
stop-words such as “there,” “an,” “is,” and others being filtered
out.

Finally, we produce a T-SNE visualization of our final
data (DET-10 + SEG-4 + Ret-3). We select 2k samples
from each subset in our final data for T-SNE visualizations.
For the text T-SNE visualization, we employ paraphrase-
distilroberta-base-v2 from Sentence-Transformer to extract
features from textual descriptions. For the image T-SNE visu-
alization, we simply choose ViT-Base-32 from OpenCLIP to
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TABLE I
DATASET STATICS

Fig. 4. Distribution of caption length of the existing image–text datasets
UCM (pink), RSICD (yellow), RSITMD (green), and our final dataset (blue).

extract visual features. From Fig. 6, it can be seen that our
data scaling approach provides much more enriched samples.
Learning multimodal representations from such a diverse sam-
ple distribution results in a strong RemoteCLIP model that
handles downstream tasks in various domains.

IV. EXPERIMENTS

A. Implementation Details

1) Model: We select three types of visual backbone archi-
tecture for the RemoteCLIP model, ranging from a small-scale
model ResNet-50 of 38M parameters, a medium-scale model
ViT-Base-32 of 87M parameters to a large-scale model
ViT-Large-14 of 304M parameters, to prove that our data scal-
ing approach benefit different sizes of models. The ResNet-50
structure is modified from the OpenAI version. It replaces
the original three 3 × 3 convolutions with a single 7 × 7
convolution and replaces the average pooling with the max
pooling. In addition, an anti-aliased rect-2 blur pooling layer
is added on top of the ResNet-50 architecture, and the original
average pooling layer is replaced with a multihead self-
attention-based pooling. ViT-B-32 partitions the input image
into fixed-size image patches of 32 × 32 pixels and consists
of 12 layers and 12 attention heads. ViT-L-14 partitions the
input image into patches of 14 × 14 pixels and comprises
24 layers and 16 attention heads. The text encoder utilizes
the transformer architecture, consisting of 12 layers and eight
attention heads. The maximum token sequence length is set to
77, the same as the original OpenAI CLIP. The InfoNCE loss
operates on the [CLS] token produced by the image and text
backbone.

2) Data and Preprocessing: Our final training dataset com-
prises a total of 165 745 images, with each image accompanied
by five corresponding captions. This results in 828 725 training
image–text pairs. For data augmentation, we utilize standard
operations. For instance, we employ random crops to resize
images, ensuring they align with the model’s input specifica-
tions by adjusting them to the required sizes and resolutions.
To enhance dataset diversity and bolster the model’s robustness
across various image orientations, we apply random horizontal
flips, random rotations of 0◦, 90◦, 180◦, and 270◦ to the images
to encourage rotation invariance.

3) Optimization: The implementation of RemoteCLIP is
based on the ITRA codebase3 developed from OpenCLIP.
We utilize automatic mixed-precision (AMP) to maintain
model accuracy while reducing memory usage. Similar to
CLIP, The training process is accelerated by employing the
Adam optimizer. We adopt linear warm-up and cosine learning
rate scheduler. The learning rate is set to 7e-5, 4e-5, and 1e-4,
respectively, for ResNet-50, ViT-Base-32, and ViT-Large-14
models, and the corresponding batch size is set to 256, 256,
and 28, respectively. We train all models for a total step of
108 215. Using a single-node 4 × NVIDIA 3090Ti machine,
training our largest RemoteCLIP model takes 233.4 h.

B. Benchmarking RemoteCLIP

1) Cross-Modal Retrieval: We first present the performance
of RemoteCLIP on three remote sensing image–text retrieval
benchmarks (RSITMD, RSICD, and UCM) and compare it
with previous results. To perform cross-modal retrieval with
RemoteCLIP, we extract image and text representations on the
test split, perform L-2 normalization, and retrieve the most
similar samples based on the dot-product similarity measure.
We report the retrieval recall of top-1 (R@1), top-5 (R@5),
top-10 (R@10), and the mean recall of these values. We do
not perform any dataset-specific fine-tuning or reranking to
improve the results.

Table II summarizes the results. We also provide the details
of each model, including training data, backbone architecture,
and the number of parameters (in millions), for better compar-
ison. Our RemoteCILP model achieves SOTA performance on
all three retrieval benchmarks. On the challenging RSITMD

3https://itra.readthedocs.io/
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Fig. 5. Word clouds and top 20 keywords of captions in the existing image–text datasets UCM, RSITMD, and RSICD and our final dataset produced by
B2C and M2B from DET-10, SEG-4, and RET-3.

Fig. 6. (Top left) T-SNE visualization of image and (top right) caption samples in our final dataset. We provide random image samples of each dataset
and label distribution of the caption samples. In the bottom row, we visualize random samples from downstream datasets used for evaluation, including
12 classification datasets, three retrieval datasets, and a novel object counting dataset.

and RSICD datasets, our model outperforms the previous
SOTA method (Rahhal et al. [47]) by a large margin (9.14%
and 8.92%, respectively). Such results are achieved with the
large-scale model ViT-Large-14 with 304 parameters. When it
comes to smaller models, RemoteCLIP is still competitive—
the ResNet-50-based RemoteCLIP can also exceed previous
SOTA methods on RSITMD and RSICD datasets. In addition,
on all three retrieval benchmarks, RemoteCLIP outper-
forms the CLIP-CL baseline which only uses the existing
RET-3 data, showing the effectiveness of RemoteCLIP data
scaling.

2) Object Counting: A recent study shows that large-scale
pretraining empowers the CLIP model to do zero-shot object
counting [96]. Here, we are interested in whether Remote-
CLIP has such fine-grained language understanding capability.
To answer this question, we introduce a new remote sensing

counting benchmark “RemoteCount” to evaluate the accuracy
of object counting from 1 to 10. This dataset consists of 947
image–text pairs, which are mainly selected from the valida-
tion set of the DOTA dataset. It covers 13 categories, including
planes, helicopters, roundabouts, bridges, baseball diamonds,
ground track fields, basketball courts, tennis courts, harbors,
soccer fields, swimming pools, ships, and storage tanks. The
dataset is annotated by five graduate students, careful manual
verification is conducted to ensure its quality. Fig. 7 visualize
random samples within RemoteCount.

We focus on comparing the zero-shot counting accuracy
of CLIP and RemoteCLIP. For each image, we augment the
existing caption with nine other possible captions by replacing
the number in its caption with all the numbers from 1 to
10 and calculate the similarity score between the image and
each of the ten captions. The number in the caption that obtains
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TABLE II
CROSS-MODAL RETRIEVAL PERFORMANCE ON RSITMD, RSICD, AND UCM BENCHMARKS. CLIP-CL CORRESPONDS TO THE CONTINUAL

PRETRAINING OF CLIP ON EXISTING RET-3 DATA ONLY (DETAILS PRESENTED IN SECTION III-A2). PREVIOUS SOTA RESULTS ARE MARKED
BY RED, WHILE THE REMOTECLIP MODELS ARE MARKED BY BLUE. OUR REMOTECLIP ACHIEVES THE SOTA PERFORMANCE ON ALL

THREE RETRIEVAL BENCHMARKS BY A LARGE MARGIN COMPARED TO PREVIOUS APPROACHES

Fig. 7. Visualization of the RemoteCount dataset samples. Objects of interest are annotated by red bounding boxes.

the highest similarity score with the image is considered the
predicted number.

The evaluation results are provided in Fig. 8. The top
row shows the confusion matrix of CLIP and RemoteCLIP.
We normalize the final output confusion matrix. CLIP has
shown poor results in this task, but RemoteCLIP has a clear
diagonal representing its higher accuracy. We also present the
top 1–10 accuracy of CLIP and RemoteCLIP. It is clear that

at the top 6 accuracy level, RemoteCLIP still significantly
outperforms CLIP. In addition, we also test a variation of
replacing the number with “1”–“10” instead of “one”–“ten”,
which we denote as “(digit)” in Fig. 8. As can be seen,
RemoteCLIP is much more robust to such variation.

3) Zero-Shot Image Classification: This section presents the
zero-shot image classification outcome of our RemoteCLIP
model. We used a total of 12 downstream datasets,
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TABLE III
ZERO-SHOT ACCURACIES ON 12 REMOTE SENSING IMAGE CLASSIFICATION DATASETS

Fig. 8. Object counting experiment of CLIP and RemoteCLIP on Remote-
Count dataset. (Top row) The confusion matrix of CLIP and RemoteCLIP.
(Bottom row) Top-1 accuracy to top-10 accuracy of CLIP and RemoteCLIP.

including PatternNet [97], EuroSAT [98], OPTIMAL-31 [99],
RSC11 [100], AID [101], MLRSNet [102], RSI-CB128 [103],
RSI-CB256 [103], RESISC45 [104], WHU-earth [105],
WHU-RS19 [106], and RS2800 [107]. We use the stan-
dard template-based prompting method, e.g., using “a
satellite photograph of {class name}.” as the
text input to obtain the zero-shot classifier.

The details of evaluation results are shown in Table III.
It can be seen from the experimental results that it has an
overall improvement compared with the CLIP baseline. Over-
all, RemoteCLIP improves the averaged zero-shot accuracy
improvement of +2.85%, +6.39%, and +5.63% on 12 down-
stream datasets with three backbones, respectively. Our largest
RemoteCLIP, the ViT-Large-14-based model, outperforms the
CLIP counterpart on 9 out of 12 (75%) datasets.

However, the zero-shot performance of RemoteCLIP is
consistently inferior to CLIP in some datasets. We sus-
pect it is caused by the domain gap in image distribution.
Our RemoteCLIP models are trained on a collection of

high-resolution images (see Table I for detailed statics), but
several downstream datasets, such as the EuroSAT dataset,
have a much lower image resolution (e.g., 64 × 64). In addi-
tion, samples used to train RemoteCLIP usually cover rich
semantics and variations, while several land cover clas-
sification datasets have a much different distribution (see
visualizations in Fig. 6).

4) Few-Shot Classification: Although the zero-shot classi-
fication performance of RemoteCLIP outperforms CLIP by
a significant margin, in some datasets the accuracy is still
far from satisfactory. In this section, we validate whether
RemoteCLIP can be adapted to certain datasets with a few
available training samples. We randomly sample few-shot
training sets with 1, 4, 8, 16, and 32 shot samples, and use
them to train an additional linear layer on top of the image
representation via logistic regression. For logistic regression,
the learning rate is set to 0.8, with SGD as the optimizer, and
the CosineAnnealingLR scheduling strategy is used to auto-
matically update the learning rate. We use CrossEntropyLoss
as the criterion. We set the weight decay at 4e-5, the total
number of epochs at 1000, and fixed the batch size at 10 000.
To choose suitable parameters for few-shot classification,
we train the model through five iterations of a random search
for optimal hyperparameters. Each iteration involves the use
of distinct learning rates and weight decay coefficients while
recording the accuracy achieved at each stage. Finally, the
parameters associated with the best accuracy are used for the
few-shot classification.

Fig. 9 shows the few-shot evaluation on 12 remote sens-
ing classification datasets. We compare RemoteCLIP with a
variety of baselines, including the vanilla CLIP model (ViT-
Base-32 and ResNet-50), SSL-based foundation visual models
(SwAV, Barlow Twins, VICReg), ImageNet pretrained models
(ViT-Base-32 and ResNet-50), and existing remote sensing
foundation models (ViTAE and SatMAE). Visualization of
experimental results shows that a few-shot training set could
significantly boost the performance of RemoteCLIP models in
all datasets. Using 32-shot samples, the RemoteCLIP model
outperforms all compared baselines in all 12 datasets.

5) Full-Shot Linear Probing and k-NN Classification:
Finally, we turn to benchmark RemoteCLIP for conventional
linear probing (linear classification) and k-NN classification.
We use the same 12 classification datasets previously used
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Fig. 9. Few-shot classification results on 12 remote sensing datasets. Zero-shot results of CLIP models are marked by brown for ResNet-50 and by pink for
ViT-L-14. On the 32-shot setting, RemoteCLIP outperforms all compared models on all 12 datasets.

for zero-shot and few-shot evaluation. For linear classification,
the hyperparameter settings are the same as those for the
few-shot classification experiment. For k-NN classification, the
number of nearest neighbors k is set to 20 and the temperature
parameter T is set to 0.07. We take the accuracy of the top
1 category as the output of k-NN classification.

The results are shown in Table IV. We find that the
classification performance of RemoteCLIP is better than CLIP
and other self-supervised models. It is not surprising that
RemoteCLIP produces such strong visual representations.
As mentioned in Section III-A, the vanilla CLIP model can
already outperform a variety of foundation visual models in
linear probing on remote sensing datasets. RemoteCLIP further
enhances such representation.

C. Ablation Study

1) Backbone Ablation: In Table V, we investigate the
effects of the image and text backbones through ablation

experiments conducted on the Ret-3 + Det-10 +

Seg-4 dataset using RemoteCLIP. The results indicate that
the optimal outcome is achieved when both the image and
text backbones are pretrained. Furthermore, the experiment
highlights the greater significance of pretraining the image
backbone compared to pretraining the text backbone.

2) Pretraining Model Ablation: The experimental findings
can be observed in Table V. When comparing RemoteCLIP
to prior pretraining techniques, notable advancements are
observed in both the Retrieval task and Zero-shot tasks.
Specifically, RemoteCLIP exhibits substantial improvements
of approximately 10% and 15% in the Retrieval task and
Zero-shot tasks, respectively.

3) Dataset Ablation: To explore the validity of sentence-
making rules, we conduct an ablation experiment on
the dataset using RemoteCLIP. We applied different
sentence-making rules and evaluated their impact on the same
test set. The experimental results, presented in Table V,
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TABLE IV
LINEAR PROBING AND k-NN CLASSIFICATION RESULTS ON 12 REMOTE SENSING DATASETS

TABLE V
ABLATION STUDY RESULTS. THE FIRST ROW FROM LEFT TO RIGHT: PRETRAINING ABLATION, BACKBONE ABLATION, AND DATASET ABLATION.

THE SECOND ROW FROM LEFT TO RIGHT: PREPROCESSING ABLATION AND LOSS ABLATION. SETTINGS ADOPTED BY REMOTECLIP
ARE MARKED IN BLUE

reveal superior performance with the Ret-3 + Det-10 +

Seg-4 dataset. These findings indicate the task’s demand for
richer textual information and affirm the effectiveness of our
sentence-making strategy.

4) Preprocessing Ablation: To ensure controlled conditions,
we conduct ablation experiments on the RET-3 dataset.
As shown in Table V, the retrieval results exhibit higher
performance with the application of rotation.

5) Loss Ablation: To validate the superiority of the
InfoNCE loss for RemoteCLIP, we conducted experiments
comparing various loss functions. Our findings, as depicted
in Table V, demonstrate that InfoNCE effectively captures
the semantic correlation between images and texts. It excels
in distinguishing similarities and differences among samples,
thereby leading to more robust feature representations. As a
result, our experiments show that InfoNCE achieves the most
favorable results, as evidenced by its superior performance
across both retrieval average and zero-shot average.

D. Feature Visualization

To demonstrate that RemoteCLIP has learned richer remote
sensing semantic information, we visualize the similarity
scores between images and relevant categories. Specifically,
we cropped high-resolution images (from Potsdam, Vaihingen,
and iSAID datasets) into 64 × 64 = 4096 patches with 1/3
overlap between nearby patches. We employ “a {target
class name}” as our text prompt, and calculate cosine
similarity between patch visual feature and textual feature.

Fig. 10. CLIP versus RemoteCLIP visualization of similarity across different
categories. (Top row) Raw images of different datasets. Above the top row
are the categories for which similarity is to be calculated. (Second row)
Ground truth masks. For convenience, we use the same color to represent
their interested category. (Third row) Visualization of image–text similarity
calculated by CLIP. (Bottom row) Visualization of the image–text similarity
calculated by RemoteCLIP.

We visualize the similarity score with respect to different
categories in Fig. 10. Compared to that of the original CLIP,
the feature similarity response of RemoteCLIP has a better cor-
relation with the ground truth mask annotation. RemoteCLIP
demonstrated the ability to roughly locate the spatial position
of the target category which suggests that RemoteCLIP not
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only learns rich semantic information but also holds promise
for tasks related to remote sensing visual localization, such as
remote sensing object detection.

V. CONCLUSION

In this article, we have presented RemoteCLIP, the first
general-purpose vision-language foundation model for remote
sensing. While developing such a foundation model, our key
insights are twofold. First, CLIP models, which are pretrained
on the massive image–text pairs collected from the internet,
are surprisingly powerful models for remote sensing tasks.
Second, although in-domain fine-tuning (i.e., continual pre-
training) significantly improves the performance, data quantity
becomes a major bottleneck in this process, especially when
we attempt to specialize large CLIP models in the remote
sensing domain.

Based on the above observations, we developed a pipeline
for data scaling and subsequently tuned the CLIP models
on the expanded dataset. The resulting RemoteCLIP model
showed superior results on downstream tasks. Importantly,
despite simplicity, RemoteCLIP still established a series of
SOTA performances on various benchmarks. It highlights
the importance of data-centric methodology in developing
foundation models. Such observation is also in line with
other efforts of building in-domain foundation models, such
as BioMedCLIP [64] in the medical domain.

Nevertheless, RemoteCLIP still has several known limita-
tions, and we would like to address these issues in our future
works as follows.

1) Our largest RemoteCLIP model, initialized from
OpenAI’s ViT-Large-14 CLIP model, boasts 304M
parameters in its visual backbone and was trained on
400M data. Despite being significantly larger than pre-
vious remote sensing retrieval models, there is ample
room for further scaling up. For instance, Billion-scale
MAE [15] demonstrated that a ViT with a 2B scale
can be successfully applied to remote sensing imagery.
In the future, we plan to increase the number of model
parameters to enhance the capacity of RemoteCLIP
models.

2) Data Scaling: Scaling up the model size necessitates
a simultaneous expansion of the data scale. Although
the RemoteCLIP data is already 12 times larger than
the combination of all adopted image–text data in this
article, it may still be insufficient to train a much larger
model. In the future, we aim to expand the pretraining
data by incorporating weakly labeled data (classification
datasets) and unlabeled data (via pseudo-labeling).

3) Data Quality and Diversity: The quality and diversity
of data are crucial. While our B2C and M2B approach
effectively translates heterogeneous annotations (e.g.,
bounding boxes and segmentation maps) into homoge-
neous captions, our rule-based conversion methodology
has limited diversity. In our future work, we plan to gen-
erate richer captions by introducing generative language
models. In addition, the modality diversity of Remote-
CLIP is currently limited, and exploring more sensory
modalities beyond RGB is a promising direction.
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